Lineage-specific gene duplications contribute to a large variation in specialized metabolites among different plant species. There is also considerable variability in the specialized metabolites within a single plant species. However, it is unclear whether copy number variations (CNVs) derived from gene duplication events contribute to the diversity of specialized metabolites within species. We identified metabolome quantitative trait genes (mQTGs) associated with quantitative metabolite variations and examined the relationship between mQTGs and CNVs. We obtained 1,335 specialized metabolite signals from 53 worldwide A. thaliana accessions using liquid chromatography-quadrupole time-of-flight mass spectrometry. In this study, genes associated with specialized metabolites were inferred by either a generally authorized genome-wide association study (GWAS) approach or a novel analysis of the association between gene expression and metabolite accumulation. Genes qualified by both analyses are defined to be mQTGs. The integrated method enabled us to detect mQTGs with a low false positive rate (¼5.71 Â 10
Introduction
Plant secondary metabolites tend to have various functions, including defending plants against insects, providing flowers with colors, and protecting plants from ultraviolet radiation (Winkel-shirley 2002; Pichersky and Lewinsohn 2011) . Many of these metabolites are species-specific products. Therefore, specialized metabolites are thought to have contributed to species-specific evolution (Pichersky and Lewinsohn 2011) . It is believed that gene duplication plays a central role in diversifying specialized metabolites among species (Ober 2005; Hanada et al. 2008; Flagel and Wendel 2009) . Several previous studies revealed that the rapidly duplicating genes in the Arabidopsis species lineage include more genes related to specialized metabolites than expected (Ober 2005; Hanada et al. 2008; Flagel and Wendel 2009; Kliebenstein and Osbourn 2012; Nützmann and Osbourn 2014; Panchy et al. 2016) .
Variations in specialized metabolites were revealed to exist not only between species, but also within a single species. Among accessions, varied specialized metabolites have been reported for Arabidopsis thaliana, maize, rice, and tomato (Chan et al. 2010a (Chan et al. , 2010b Saito and Matsuda 2010; WeigelTohge et al. 2016) . However, at the metabolome and genome levels, it is unclear whether gene duplications contribute to diversity in specialized metabolites within a species. Gene duplication may be associated with a mechanism affecting quantitative variations in metabolites within a species. Specifically, gene duplication events in a specific individual of a species lead to copy number variations (CNVs). In A. thaliana, CNVs have been identified in several accessions (Cao et al. 2011; Gan et al. 2011) . However, the relationship between CNVs and metabolites is unclear at the genome level.
The variability in the specialized metabolites is not mediated by enzymes alone. Transcription factors can also regulate the biosynthesis of specialized metabolites depending on the environmental conditions and plant developmental stages (reviewed in Yang et al. 2012) . Furthermore, insertions of transposable elements reportedly induce variations in specialized plant metabolites (reviewed in Lisch 2012) . It is unclear which factors are primarily responsible for the variability in the specialized metabolites with or without CNVs at the genome and metabolome levels.
A metabolite genome-wide association study (mGWAS) has recently been applied to identify metabolome quantitative trait genes (mQTGs) (Soltis and Kliebenstein 2015) . In A. thaliana and rice, mQTGs have been detected by an mGWAS with a linear mixed model (LMM) (Chan et al. 2010a (Chan et al. , 2010b Chen et al. 2014; Matsuda et al. 2015) . However, GWASs have a high false positive rate (FPR) when used to detect genes associated with any phenotypic traits (Atwell et al. 2010; Chan et al. 2010a) . This is because single nucleotidepolymorphisms(SNPs)areassociatedwithonlyfour patterns(i.e.,A,T,G,andC).Additionally,populationstructures and small sample sizes can also contribute to false positive results (Cardon and Palmer 2003; Ertekin-Taner 2010; Korte and Farlow 2013) . Furthermore, in GWASs, it is unclear which genes are associated with significant SNP peaks when genes are concentrated in a neighboring region. Combining the results of a GWAS with transcriptome data may be useful for detecting mQTGs as described in earlier studies (Chan et al. 2011; Gusev et al. 2016; Wu et al. 2016) . With the inclusion of additional filters (i.e., transcription data), the false positive rate is expected to decrease. That is, theintegration of multiple methods is likely to result in a low false positive rate. Variations in transcriptome data may be very useful for identifying mQTGs.
In this study, we identified 1,335 specialized metabolites among 53 worldwide A. thaliana accessions using nontargeted analysis with liquid chromatography-quadrupole time-of-flight mass spectrometry. To detect mQTGs associated with each metabolite, we independently completed an mGWAS and a metabolite-transcriptome correlation analysis (MTCA). The MTCA is a method for identifying mQTGs based on the association between expression and metabolite variations. A combined method of mGWAS and MTCA is called mGWAS-MTCA. Three methods are performed in 26,995 expressed genes and 1,575,486 SNPs among 53 accessions. We observed that the FPR for the mGWAS-MTCA was considerably lower than that of the mGWAS and MTCA. Regarding the detected mQTGs through mGWAS-MTCA, we discuss the contribution of CNVs to adaptations related to specialized metabolites in A. thaliana.
Results

Quantitative Variations in the Specialized Metabolites of Arabidopsis thaliana Accessions
We obtained 1,385 metabolite signals in 212 samples (i.e., four biological replicates of 53 accessions) using liquid chromatography-tandem mass spectrometry (supplementary table S1 in S1 File and table S2 in S2 File, Supplementary Material online). Of the 1,385 signal peaks, 177 were derived from known metabolites (i.e., 50 primary metabolites and 127 specialized metabolites). The known specialized metabolites were derived from 46 glucosinolates, 41 flavonoids, and 18 phenylpropanoids. We used 127 peaks of known specialized metabolites and 1,208 peaks of unknown metabolites as the specialized metabolites in the following analyses. The quantitative variations in 1,335 specialized metabolites among 53 accessions are provided in figure 1.
Performance of the mGWAS-MTCA Shirai et al. . doi:10.1093/molbev/msx234 MBE the linkage disequilibrium (LD) decay for each chromosome (see Methods). The decayed LD distances were 516, 459, 270, 438, and 573 bp for chromosomes 1, 2, 3, 4, and 5, respectively (supplementary fig. S1 in the S3 File, Supplementary Material online). When the distance between neighboring genes and the associated SNPs was within the decayed LD distance, the neighboring genes were defined as mQTGs in the mGWAS. The mQTG expression levels likely control metabolite levels (Kliebenstein et al. 2001; Hirai et al. 2007; YonekuraSakakibara et al. 2012) . Here, we assumed the correlation between gene expression of mQTGs and metabolite level. Therefore, we conducted the MTCA, which can be used to identify mQTGs based on the association between variations in transcript levels and quantitative variations in metabolites. When a significant regression between transcription and metabolite levels was observed, the genes were defined as mQTGs in the MTCA. The mGWAS-MTCA integrates the mGWAS and MTCA methods. A gene detected by the mGWAS and MTCA approaches was considered to be an mQTG identified by mGWAS-MTCA. These three methods are summarized in supplementary fig. S2 in S3 File, Supplementary Material online.
To assess the reliability of the mGWAS-MTCA, we prepared positive and negative controls. The positive control comprised 34 known genes associated with 39 metabolites in the aliphatic glucosinolate pathway (Chan et al. 2010b ), whereas we randomly chose 39 metabolites and 34 genes as the negative controls in 10,000 times. Based on the positive and negative controls, we determined the FPR and false negative rate (FNR) for the three methods (see Methods).
The results processed in the positive control and negative control were shown in supplementary fig. S5 in S3 File, Supplementary Material online), indicating that approximately half of the associated genes were likely the underlying causes of the variability in multiple metabolites. The association between a gene and multiple metabolites has been described in previous studies (Hanada et al. 2011; Bunsupa et al. 2016) . These 3,341 genes may have multiple functions in different metabolic pathways or alter a metabolic pathway to induce quantitative variations in metabolites associated with the pathway. Figure 3 presents an example of a gene detected by the mGWAS-MTCA. Metabolite N548 was annotated as the flavonoid kaempferol glycoside (supplementary table S1 in S1 Files, Supplementary Material online). Metabolite N548 was strongly associated with SNPs concentrated in a chromosome 5 region ( fig. 3a) . This region consisted of four genes, namely AT5G17030, AT5G17040, AT5G17050, and AT5G17060 ( fig. 3b) . Based on the mGWAS approach that used associations between SNPs and metabolites, the four genes were considered mQTGs. When the MTCA approach was applied
Comparison of false positive and negative rates in three methods. The X axis represents methods detecting metabolome quantitative trait genes (i.e., metabolite genome-wide association study [mGWAS] , metabolite transcriptome-wide correlation analysis [MTCA] , and combination method of mGWAS and MTCA [mGWAS-MTCA] ). The Y axis represents the false positive rate in the three methods. The methods used to calculate false positive and negative rates are described in the Methods section. In each box plot, the box represents the 25-75% range, the middle line represents the median, the dotted line represents the 1-99% range, and the outer circles are outliers.
A Highly Specific Genome-Wide Association Study Integrated with Transcriptome Data . doi:10.1093/molbev/msx234 MBE to analyze the four genes, AT5G17040 was the only gene whose expression was significantly associated with metabolite N548 levels ( fig. 3c) . Therefore, the mGWAS-MTCA was successfully applied to detect AT5G17040, which encodes a UDP-glycosyltransferase superfamily protein. The UDPglycosyltransferase superfamily proteins are related to flavonoid biosynthesis in A. thaliana (Yonekura-Sakakibara et al. 2007) . Similarly, metabolite P66 annotated as the sulforaphane and metabolite N387 annotated as the aliphatic glucosinolate were associated with AT2G25160 and AT1G68080, respectively (supplementary figs. S6 and S7 in S3 File, Supplementary Material online). These genes are known as the enzyme genes for two metabolites (Mueller et al. 2003) . Using the mGWAS-MTCA approach, we identified 5,161 mQTGs for 593 unknown metabolites. For example, unknown metabolites P135 and N36 were associated with AT5G28030 (DES1) and AT4G02850 (DAAR1), respectively (supplementary fig. S8 in S3 File, Supplementary Material online). These two genes are related to the metabolism of amino acids (Alvarez et al. 2010; Strauch et al. 2015) . Thus, our data may represent a useful biological resource for detecting genes regulated by specialized metabolites.
Functional Annotations of mQTG Candidates
To understand the functional categories of mQTGs detected by the mGWAS-MTCA, we examined overrepresentation of gene ontology (GO) terms, metabolic enzymes in Aracyc (Mueller et al. 2003) , and protein domain families in Pfam (Finn et al. 2016) among the mQTGs (supplementary table S6 in S1 File, Supplementary Material online). The 34.7% (¼ 1,962/5 654) of mQTGs had GO terms related to metabolic process. Surprisingly, this proportion was almost the FIG. 3 . Gene identified by a transcriptome-metabolome genome-wide association study. (a) Manhattan plot between single nucleotide polymorphisms (SNPs) and metabolite N548. The X and Y axes represent the SNP locations on chromosome 5 and the P values collected by the false discovery rate (FDR) associated with metabolite N548, respectively. The P values were calculated based on the metabolite genome-wide association study (mGWAS). The gray dotted line indicates the significance threshold (i.e., P ¼ 0.05). (b) Four genes identified by the mGWAS. When the distance between neighboring genes and the associated SNPs was within the decayed linkage disequilibrium distance, the neighboring genes were defined as metabolome quantitative trait genes. (c) Relationship between the accumulation of metabolite N548 (Y-axis) and expression intensities (X-axis) of four genes (i.e., AT5G17030, AT5G17040, AT5G17050, and AT5G17060). Shirai et al. . doi:10.1093/molbev/msx234 MBE same proportion as all annotated genes with GO terms related to metabolic process (9,238/26,995 ¼ 34.2%) (v 2 test: P > 0.05 in supplementary table S7 in S1 File, Supplementary Material online). This result indicates that the relationship between metabolites and mQTGs is not supported by GO terms. To address whether enzymatic genes associated with metabolites really affect mQTGs, we compared the proportion of metabolic enzyme genes annotated by Aracyc database between mQTGs and annotated genes. Consequently, the proportion of enzymatic genes (1,289/5,654 ¼ 22.8%) in mQTGs was significantly higher than the proportion in all annotated genes (5,470/26,995 ¼ 20.3%) (v 2 test: P < 0.01 in supplementary table S7 in S1 File, Supplementary Material online). To furthermore examine the reliability of mQTGs, we examined overrepresented protein domains in mQTGs. The 79.3% (¼ 4,483/5,654) of genes had one or more protein domains. The most over-represented protein domain is cytochrome P450 (v 2 test: P < 0.05 in supplementary table S8 in S1 File, Supplementary Material online). It is known that the cytochrome P450 is the enzyme related to metabolite biosynthesis and variations in plants (Bak et al. 2011; Mizutani 2012; Hamberger and Bak 2013) . Taken together, the reliable relationship between metabolites and mQTGs is validated by Aracyc database and protein domains. In addition, mQTGs includes not only enzyme genes but also other functional genes. In mQTGs, receptor domains and transporter domains are also over-represented (v 2 test: P < 0.05 in supplementary table S8 in S1 File, Supplementary Material online). This result suggested that genes with various functions contributed to specialized metabolites variations.
As mentioned in the earlier, specialized metabolites variations are affected by enzymatic genes as well as either transcription factors or transposable elements. We then tested the relevance of transcription factors and transposable elements to metabolite variations. The proportion of transcription factor genes in mQTGs (305/5,654 ¼ 5.4%) was significantly lower than the proportion of transcription factors in all annotated genes (1,675/26,995 ¼ 6.2%) (v 2 test: P < 0.05 in supplementary table S7 in S1 File, Supplementary Material online). The proportion of transposable element genes in mQTGs (61/5,654 1.1%) was significantly higher than the proportion of transposable element genes in all annotated genes (204/26,995 ¼ 0.8%) (v 2 test: P < 0.01 in supplementary table S7 in S1 File, Supplementary Material online). This result suggests that transposable element genes are relevant to specialized metabolite variations. By contrast, the metabolite variations within species were not strongly controlled by transcription factor genes.
Selective Sweep of mQTGs with and without CNVs
To address the effects of CNVs on metabolite variations, A. thaliana genes with CNVs (P < 0.05) were identified based on a previous study (Gan et al. 2011) . We then calculated the proportion of the total mQTGs that was associated with CNVs (249/5,654 ¼ 4.4%). This proportion was significantly higher than the proportion of all annotated genes that were associated with CNVs (929/26,995 ¼ 3.4%) (v 2 test: P < 0.01 in table 1). Thus, our results indicated that CNVs considerably affect the quantitative variations in the specialized metabolites of A. thaliana accessions at the genome or metabolome level.
To reveal functional differences between mQTGs with CNVs and without CNVs, we compared the proportion of metabolic enzyme, transcription factors and transposable elements in CNV-mQTGs with those in non-CNV-mQTGs. In the mQTGs with CNVs, the proportion of transposable element genes (17/249 ¼ 6.8%) was significantly higher than the proportion of transposable element genes in all annotated genes (204/ Nucleotide diversity (p) around a gene is decreased by a selective sweep when genes are under a strong positive selection pressure (Maynared Smith and Haigh 1974) . To assess the selective sweep surrounding candidate mQTGs for 270 A. thaliana accessions, we calculated differences in p between accessions with major alleles and those with minor alleles at the sites of SNPs associated with metabolite variations (see Methods). As a result, 8.1% of mQTGs had large differences in p (differences in p > 0.7). It should be noted that p significantly affects allele frequencies when accessions are classified based on major and minor alleles. To consider these effects, we divided the distributions of the p differences into two classes according to minor allele frequencies. We then tested the differences in p using a Wilcoxon rank sum test. At a minor allele frequency of 0.05-0.25, the variability in p was significantly different between randomly chosen SNPs and SNPs associated with metabolite variations in genes with or without CNVs (P < 0.05; fig. 4 ). This observation indicated that mQTGs tend to be influenced by selective sweeps. At a minor allele frequency of 0.25-0.5, the variability in p was more obvious (P < 0.05; fig. 4 ). In particular, the variability of p with CNVs significantly was larger than that without CNVs (P < 0.05). This result suggested that genes with CNVs are affected by selective sweeps more than genes without CNVs. Additionally, we calculated Tajima's D (Tajima 1989) to analyze the selection pressure (see Methods). Tajima's D for the SNPs associated with metabolite variations was significantly lower and higher than that for the randomly selected SNPs in major and minor alleles, respectively (P < 0.05) (supplementary fig. S9 in S3 File, Supplementary Material online) . Because Feuillet 2000) . The specificity of a GWAS tends to be low for genomic regions with high gene densities. In contrast, a transcriptome analysis is unaffected by gene density. The current study confirmed the utility of transcriptome data for detecting mQTGs. Surprisingly, the FPR of the MTCA method was significantly lower than that of the mGWAS ( fig. 2) . Here, we identified reliable mQTGs in mGWAS-MTCA method which is an integrated method of MTCA and mGWAS. This highly specific detection protocol enabled the characterization of the mechanism regulating the variations among specialized metabolites within a species. When SNP data is compared with transcriptome data for identifying mQTGs, transcriptome data is more powerful to identify mQTGs in comparison with SNP data. This is because expression of mQTGs tends to be highly associated with metabolite accumulation (Kliebenstein et al. 2001) . However, it is not sure whether transcriptome data is also powerful for other quantitative phenotypic effects. For examples, genes associated with morphological effects tend to be expressed at a specific developmental stage (Hempel et al. 1997; Sato et al. 2011) . Therefore, it may not be simple to find transcriptome data associated with other phenotypic effects.
As part of the MTCA method, we initially assumed a linear relationship between metabolites and transcription levels. Although this method identified mQTGs with low FPRs, it cannot fully explain the relationship between metabolites and transcription levels. For example, some accessions did not follow the linear regression line ( fig. 3 ). There are potentially three reasons why a linear relationship was not observed. First, a non-linear model may be adequate for this method. Second, metabolite levels are controlled not only by expression-level differences, but also by nucleotide differences. Indeed, mQTGs identified by the mGWAS-MTCA method tended to have a higher specificity than those identified by either the mGWAS or MTCA method. Third, metabolite levels are regulated by multiple loci. Our results indicated that 86.6% (¼ 574/663) of the metabolites with mQTGs derived from the mGWAS-MTCA have multiple mQTGs. This suggests that metabolite levels are controlled by multiple loci. In future analyses, a multiple loci mixed model (Segura et al. 2012 ) may be better for identifying mQTGs in an mGWAS than a single locus mixed model.
Importance of CNVs for Inducing Specialized Metabolite Variations
Several studies reported that gene duplications cause interspecies variations in specialized metabolites (Ober 2005; Hanada et al. 2008; Flagel and Wendel 2009) . In the present study, we determined that variations in specialized metabolites within species were due to CNVs derived from gene duplication events. The mQTGs were enriched with genes with CNVs, indicating that genes with CNVs are more important for inducing variations in specialized metabolites than genes lacking CNVs. Furthermore, we revealed that genes with CNVs tend to undergo selective sweeps at a higher rate than the other genes among the 5,654 mQTG candidates. Kerwin et al. (2015) revealed that variations in glucosinolate specialized metabolites affect A. thaliana fitness The X axis represents the SNP categories, whereas the Y axis represents the differences in nucleotide diversity (p). In each box plot, the box represents the 25-75% range, the middle line represents the median, the dotted line represents the 1-99% range, and the outer circles are outliers. White boxes represent the p differences of randomly chosen SNPs around genes without CNVs. Gray boxes correspond to the p differences of SNPs associated with metabolite variations around genes without CNVs. Striped white boxes represent the p differences of randomly chosen SNPs around genes with CNVs. Striped gray boxes correspond to the p differences of SNPs associated with metabolite variations around genes with CNVs.
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Mechanisms Underlying the CNV-Induced Variations in Specialized Metabolites
Copy number variations affect gene dosage ( _ Zmie nko et al. 2014; Cardoso-Moreira et al. 2016) , which may influence quantitative phenotypic traits ( _ Zmie nko et al. 2014). Additionally, functional changes to new gene copies may lead to altered metabolites. When new copies are produced by gene duplication events, the new genes tend to be subject to relaxed selection pressures. This causes new genes to undergo functionalization. Several studies reported that single amino acid changes to proteins related to metabolic processes can considerably alter the accumulation of metabolites (Chye et al. 2000; Yu et al. 2015; Bunsupa et al. 2016) . Therefore, new gene copies related to metabolite variations may undergo neo-, sub-functionalization and pseudogenization. The CNVs are believed to induce changes to specialized metabolites via gene dosage changes without functional modifications or by creating new genes with altered functions.
Transposable element is one of the most essential factors for causing variation of gene expression (Biémont 2010; Lisch 2012; De Souza et al. 2013) . It is known that the transposable elements affect biosynthesis of specialized metabolites in plant species (reviewed in Lisch 2012). We showed that transposable elements induce an insertion variation, which strongly contribute to specialized metabolites variations within a species. Thus, the present study is consistent with the previous reports.
mQTGs without CNVs for Inducing Specialized Metabolite Variations
Most of identified mQTGs does not have any evidence of CNVs. mQTGs without CNVs tend to undergo selective sweeps as well as mQTGs with CNVs although the strength of the selective sweeps in mQTGs with CNVs stronger than mQTGs without CNVs. These results suggest that mQTGs without CNVs also contribute to metabolite variations and adaptive evolution. The mQTGs without CNVs contained a large proportion of metabolic enzyme genes. In earlier reports, metabolic variation can occur without any CNVs. For examples, It is reported that the variations in function and expression of either few amino acid replacements or a minor differentiation of gene expression in an enzyme gene contribute to metabolites variations in Arabidopsis (Kliebenstein et al. 2001; Lisch 2013; Yu et al. 2015; Bunsupa et al. 2016) . Thus, our results supported previous reports that the variations in enzyme genes caused contribute to adaptation of Arabidopsis through specialized metabolites variations even if enzymatic genes are not CNVs.
Importance of Non-Swept mQTGs
Although we detected many mQTGs affected by selective sweeps, there were also several mQTGs unaffected by selective sweeps. These non-swept mQTGs can be essential for future adaptations. Maintaining genetic diversity within a species is important for enhancing the ability of a species to adapt to future environmental changes (Frankel et al. 1995; Jump and Peñuelas 2005) . Decreased genetic diversity related to phenotypes affecting responses to environmental changes may increase the risk of extinction during rapid environmental changes (Jump and Peñuelas 2005) . Therefore, non-swept genes associated with metabolites are believed to be important for the future adaptations of species accessions to decrease the risk of extinction.
Conclusion
We confirmed the utility of transcriptome data for detecting mQTGs. Additionally, the FPR was lower for the mGWAS-MTCA than the mGWAS. This combined method may also improve the detection of mQTGs in diverse plant species or the detection of QTGs related to various phenotypic traits. The results of our mGWAS-MTCA clarified the mechanisms responsible for variations in specialized metabolites in A. thaliana, with potential consequences for future adaptations. A large proportion of the mQTG candidates were genes with CNVs, which are believed to induce metabolite variations by altering gene dosage or through functionalization. The mQTGs with CNVs contained a large proportion of transposable element genes. This result suggests that the variations of insertion of transposable elements contribute to metabolites variations through changing gene expression of the mQTGs. We also revealed that mQTGs with CNVs had undergone stronger selective sweeps than genes without CNVs. This result indicates that CNVs are important for adaptations. A recent study concluded that CNVs are common in Solanum tuberosum genes related to specialized metabolites (Hardigan et al. 2016) . This suggests that our observation that CNVs induce variations in A. thaliana specialized metabolites is also applicable to other plant species. There are relatively few studies that have focused on the utility of CNVs for identifying quantitative trait loci. This study has revealed the necessity of investigating the potential roles of CNVs in the regulation of quantitative phenotypic traits.
Materials and Methods
Metabolome Analysis Using Liquid ChromatographyQuadrupole Time-of-Flight Mass Spectrometry
The aerial parts of 18-day-old A. thaliana seedlings were weighed and then stored at À80 C until used for the metabolome analysis, which was completed with four biological replicates per accession. Five volumes (per fresh weight) of cold 80% aqueous methanol containing an internal standard (0.5 mg/l lidocaine; Tokyo Kasei, Tokyo, Japan, http://www. tcichemicals.com/) were added to the frozen tissue, which was subsequently homogenized using a mixer mill (MM 300, Retsch, Haan, Germany, http://www.retsch.com/) and a zirconia bead for 6 min at 20 Hz. Samples were centrifuged at 15,000 Â g for 10 min. A 3-ml aliquot of supernatant was subsequently used to analyze the metabolome by liquid chromatography coupled with electrospray quadrupole time-of-A Highly Specific Genome-Wide Association Study Integrated with Transcriptome Data . doi:10.1093/molbev/msx234 MBE flight tandem mass spectrometry with an Acquity BEH ODS column (HPLC: Waters Acquity UPLC system; MS: Waters QToF Premier). Metabolome analysis and data processing were conducted according to a previously described method (Matsuda et al. 2009; Matsuda et al. 2010) . A data matrix was generated by MetAlign2 (Lommen and Kools 2012) . Signal intensities were normalized by dividing them by the intensities of the internal standard (lidocaine). A data matrix containing the 1,335 metabolite intensities was produced (supplemenatery table S2 in S2 File, Supplementary Material online).
Annotations of Detected Metabolites
The detected metabolites were annotated as previously described using the available information regarding A. thaliana metabolites (supplementary table S1 in S1 File, Supplementary Material online) (Matsuda et al. 2009; Horai et al. 2010; Matsuda et al. 2011 ). The MS2Ts, Identified, and Annotated columns in supplementary table S1 in S1 File, Supplementary Material online present the accessions of the MS/MS spectral data of metabolites in the MS/MS spectral tag (MS2T) database (http://prime.psc.riken.jp/lcms/ ms2tview/ms2tview.html) (Matsuda et al. 2009 ), the metabolites identified based on comparisons with the results of a previous metabolome study (Matsuda et al. 2009) , and the metabolites annotated based on comparisons with the MassBank MS/MS spectral data (Horai et al. 2010) , respectively. Metabolites were identified based on the similarities between the fragmentation patterns, precursor m/z ratios, and retention times of a metabolite signal and the corresponding results of a previous metabolomics study (Matsuda et al. 2009 ). Annotations were based on the similarities between our precursor m/z ratios and fragmentation patterns by the dot product method (score > 0.6) and the MassBank MS/MS spectral data (Stein and Scott 1994; Horai et al. 2010 ). The Class 1, 2, and 3 Characterized columns present the details of a partial characterization of metabolite structures (Matsuda et al. 2011) .
We classified the annotated metabolites as primary or specialized metabolites according to KEGG descriptions (http:// www.genome.jp/kegg/) (Kanehisa et al. 2016) .
SNPs, Linkage Disequilibrium, and mGWAS
The SNPs of A. thaliana accessions were obtained from the 1001 Genomes catalog (http://1001genomes.org/, last accessed Sep 2016) and The Arabidopsis Information Resource (TAIR10) database (https://www.arabidopsis.org/, last accessed Sep 2016) . We created two SNP data sets. The first data set contained 1,575,486 SNPs from the whole genomes of 53 accessions (supplementary table S9 in S1 File, Supplementary Material online) (http://1001genomes. org/, last accessed Sept 2016; Mouille et al. 2006; Cao et al. 2011; Gan et al. 2011; Schmitz et al. 2013) . This data set was used for estimating the LD and for the GWAS. The second data set consisted of 7,624,270 SNPs from the whole genomes of 270 accessions (i.e., 53 accessions from the first data set and an additional 217 accessions) (supplementary table S10 in S1 File, Supplementary Material online) (http://1001genomes. org/, last accessed Sep 2016; Mouille et al. 2006; Cao et al. 2011; Gan et al. 2011; Schmitz et al. 2013) . We used this data set for calculating the p. All of the SNP sites in the data sets were biallelic, with a minor allele frequency > 0.05.
The LD was calculated for the first data set including SNPs from the 53 accessions also present in the second data set. For each chromosome, the LD (r 2 ) value was estimated for each SNP pair located within 10 kb of each other using the PLINK program (Purcell et al. 2007) . In previous studies, the LD decay threshold was selected as r 2 ¼ 0.1 or 0.2 (Delourme et al. 2013; Li et al. 2014; Vos et al. 2017) . Our data revealed that the LD curves were relatively flat at r 2 > 0.1 for each chromosome (supplementary fig. S1 in S3 File, Supplementary Material online). Therefore, we chose r 2 ¼ 0.2 as the LD threshold. We determined the nucleotide distance for which the mean r 2 was < 0.2 for each chromosome. The nucleotide distance was defined as the decayed LD distance for each chromosome (supplementary fig. S1 in S3 File, Supplementary Material online).
The mGWAS data were analyzed using the LMM. The kinship matrix used in the LMM was generated based on the genetic similarity of each SNP pair for all samples. Analyses involving the LMM were completed using the FaST-LMM program . The FDRcorrected P values were used for the correction of multiple tests (Storey et al. 2004) . The mGWAS significance thresholds were set at FDR < 0.05. In the mGWAS, the genes with one or more significant SNPs (FDR < 0.05) at sites within the decayed LD distance were considered candidate genes.
We tested the effect of different LD decay thresholds (i.e., 
Transcriptome Data
For subsequent RNA extractions, 18-day-old seedlings of 53 accessions were grown on Murashige and Skoog medium solidified with 1% agar. Using the TRIzol reagent (Invitrogen), $500 mg total RNA was extracted from the aerial seedling parts for each accession (with two biological replicates). The cRNA amplification and fluorescence labeling steps were completed using the Low RNA Input Linear Amplification Kit (Agilent Technology). A poly-dT-containing primer and a T7 polymerase promoter were annealed to the polyadenylated RNA. First-and second-strand cDNA were reverse-transcribed from 500 ng total RNA with the MMLV-RT enzyme. Cyanine 3-labeled cRNA was synthesized using T7 RNA polymerase, and the labeled cRNA was purified with an RNeasy Mini Kit (Qiagen). Samples were hybridized to our array (Agilent Technologies) using the In situ Hybridization Kit Plus (Agilent Technologies). We previously designed the array for 34,546 loci to ensure broad coverage of all types of A. thaliana genes (Hanada et al. 2013 ). The custom array was designed based on TAIR8 data (https://www.arabidopsis.org/, last accessed Sep 2016) . Therefore, we updated the probe Shirai et al. . doi:10.1093/molbev/msx234 MBE locations and the matches between the probes and genes according to TAIR10 data (supplementary table S11 in S5 File, Supplementary Material online). For the custom array, the hybridized and washed materials on each glass slide were analyzed using a G2505B DNA Microarray Scanner (Agilent Technologies). The resulting data were analyzed with the Feature Extraction and Image Analysis software (Agilent Technologies; Hanada et al. 2013 ).
Transcriptome-Wide Correlation Analysis
The correlation between metabolite and transcript levels was assessed using a linear model, with the lm function in R (R Core Team 2015). We calculated the average quantity of 1,335 specialized metabolites for four replicates of each accession. The average expression intensity in two replicates of each accession was defined as the hybridization intensity, and was calculated based on microarray data for the annotated genes. We used 26,995 genes in the TAIR10 database for correlation analyses (supplementary table S11 in S5 File, Supplementary Material online). The FDR-corrected P values were used for the correction of multiple tests (Storey et al. 2004) , and the significance thresholds were set at FDR < 0.05.
mGWAS-MTCA
The mGWAS-MTCA protocol involved a combination of the mGWAS and MTCA methods (supplementary fig. S2 in S3 File, Supplementary Material online). Initially, an mGWAS with an LMM were used to analyze a target metabolite. The analysis was completed as described for the mGWAS and MTCA in previous sections. The results of the two analyses enabled the identification of genes based on the following two conditions: 1) genes contained significantly associated SNPs (FDR < 0.05) within the decayed LD distance based on the mGWAS; and 2) gene expression levels were significantly correlated with target metabolite abundance (FDR < 0.05) according to the MTCA. The identified genes were defined as mQTGs in mGWAS-MTCA.
Comparison of Methods with False Positive and Negative Rates
The FPRs and FNRs were inferred in the mGWAS, MTCA, and mGWAS-MTCA. The positive control data (34 genes Â 39 metabolites) consisted of 39 metabolites produced by the aliphatic glucosinolate pathway and 34 genes with known relationships with the pathway (Chan et al. 2010b ). The negative control comprised data for 39 metabolites randomly chosen from 1,335 specialized metabolites and 34 genes randomly selected from 26,995 genes. We created 10,000 sets of negative control data (34 genes Â 39 metabolites Â 10,000) using 10,000 replicates. According to the data, the genes associated with metabolites were identified with the mGWAS, MTCA, or mGWAS-MTCA. The FPRs and FNRs were calculated for each method with the following equations: 
Profiling of Gene Functions
The GO terms associated with the A. thaliana genes were based on the information from The Arabidopsis Information Resource database (https://www.arabidopsis.org/, last accessed Sep 2016) . We defined GO terms related to metabolic process as GO terms including the word "metabolic processes." We examined the bias in the number of genes with GO terms related to metabolic process for the mQTG candidates identified by the mGWAS-MTCA. We counted the number of genes with the GO term and the other candidate mQTGs. The expected number of genes with the GO term and the other genes were estimated based on the frequency of these genes. The expected numbers were compared with the observed numbers using the v 2 test. Protein domain families included in Arabidopsis genes were predicted by using a hidden Markov model for all of domains in Pfam database (Finn et al. 2016) with HAMMER 3.1b2 (http://hmmer.org/). We examined the bias in the number of genes associated with each protein domain family for the mQTGs by using the v 2 test as with the same procedure of GO analysis.
The bias of metabolic enzyme genes, transcription factor genes and transposable element genes in mQTGs were examined by using the v 2 test similarly. The metabolic enzyme genes associated with the A. thaliana genes were based on the information from Aracyc (Mueller et al. 2003) . The transcription factor genes associated with the A. thaliana genes were based on the information from PlantTFDB 4.0 (http:// planttfdb.cbi.pku.edu.cn/, last accessed May 2017). The transposable element genes associated with the A. thaliana genes were based on the information from The Arabidopsis Information Resource database (https://www.arabidopsis. org/, last accessed Sep 2016) .
Comparison of Nucleotide Diversity and Tajima's D
To detect selective sweeps at SNPs associated with metabolite variations, we analyzed p using the VCFtools program (Danecek et al. 2011) . In this analysis, the second SNP data set for 270 accessions was used to reveal the evolution of A. thaliana specialized metabolites. The SNPs that satisfied two conditions were considered associated with metabolite variations. The first requirement was that the SNP was detected by the mGWAS for metabolites (FDR < 0.05) in this study. The second condition was that the SNP was located within the decayed LD distance for mQTGs detected by the mGWAS-MTCA for the 53 accessions. In subsequent analyses, we assumed the SNPs associated with metabolites had the same effects on metabolites in the other accessions. At each site containing a SNP associated with metabolite variations, the 270 accessions were classified into major or minor allele groups. For each group, we estimated the p in a 10-kb region (5 kb upstream and 5 kb downstream of the SNP site A Highly Specific Genome-Wide Association Study Integrated with Transcriptome Data . doi:10.1093/molbev/msx234 MBE associated with metabolites). The differences in p between the two groups were estimated using the following equation:
Differences in p ¼ log 10 the p of minor SNP group the p of major SNP group :
During this procedure, we estimated the differences in p between the two groups at 50,000 randomly chosen SNP sites. We then compared the differences in p between the randomly chosen SNPs and the SNPs associated with metabolites using the Wilcoxon rank sum test. This comparison was examined in two intervals based on the minor allele frequency (i.e., 0.05-0.25 and 0.25-0.5).
To detect selection pressure at SNPs associated with metabolite variations, we analyzed Tajima's D (Tajima 1989) using the VCFtools program (Danecek et al. 2011) . In this analysis, the second SNP data set for 270 accessions was used. The SNPs associated with metabolite variations were defined by the same conditions as p. At each site containing a SNP associated with metabolite variations, the 270 accessions were classified into major or minor allele groups. For each group, we estimated the Tajima's D in a 10-kb region (5 kb upstream and 5 kb downstream of the SNP site associated with metabolites). In the 10-kb region, we estimated Tajima's D at 1 kb windows without overlap and calculated average Tajima's D of the all windows. During this procedure, we estimated the average Tajima's D at the two groups at 50,000 randomly chosen SNP sites. We then compared the average Tajima's D between the randomly chosen SNPs and the SNPs associated with metabolites using the Wilcoxon rank sum test.
Availability of Data and Materials
The raw unfiltered microarray results were deposited in the Gene Expression Omnibus database [www.ncbi.nlm.nih.gov/ geo (subseries entry GSE89805)].
